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ABSTRACT
Objectives: To construct, validate, and simulate a system
dynamic ﬁnancial model and compare it against the conven-
tional method.
Methods: The study was a cross-sectional analysis of second-
ary data retrieved from the National Health Security Ofﬁce
(NHSO) in the ﬁscal year 2004. The sample consisted of all
emergency patients who received emergency services outside
their registered hospital-catchments area. The dependent
variable used was the amount of reimbursed money. Two
types of model were constructed, namely, the system dynamic
model using the STELLA software and the multiple linear
regression model. The outputs of both methods were
compared.
Results: The study covered 284,716 patients from various
levels of providers. The system dynamic model had the capa-
bility of producing various types of outputs, for example,
ﬁnancial and graphical analyses. For the regression analysis,
statistically signiﬁcant predictors were composed of service
types (outpatient or inpatient), operating procedures, length
of stay, illness types (accident or not), hospital characteristics,
age, and hospital location (adjusted R2 = 0.74). The total
budget arrived at from using the system dynamic model
and regression model was US$12,159,614.38 and
US$7,301,217.18, respectively, whereas the actual NHSO
reimbursement cost was US$12,840,805.69.
Conclusions: The study illustrated that the system dynamic
model is a useful ﬁnancial management tool, although it is
not easy to construct. The model is not only more accurate in
prediction but is also more capable of analyzing large and
complex real-world situations than the conventional method.
Keywords: budgeting, emergency services, ﬁnancial model,
system dynamic model.
Introduction
Comprehensive budgeting continues to be of prime
importance in virtually all organizations. The analyti-
cal methods used for budgetary estimation can be clas-
siﬁed under three broad categories [1]. The direct
estimate method involves special techniques of cost
analysis used only in special cases, namely, the direct
analysis of historical data coupled with an interpreta-
tion of related managerial policies. It involves esti-
mates of cost variability by direct analysis, inspection,
and judgment. The budgeted high- and low-point
method, on the other hand, is based on the concept of
developing two expense budget allowances at two dif-
ferent assumed levels of activity for certain expenses in
a responsibility center. The correlation method is com-
monly used when assuming linear relationships. For
the correlation method, two techniques are oftentimes
used: a scatter graphs technique and regression analy-
sis technique of least squares. The technique of least
squares is particularly useful and objective when
analyzing historical data. It is important to realize,
however, that the results are often misleadingly precise;
therefore, the decision-maker must have experience
and management judgment [1,2].
Linear regression models present a means of struc-
turing data around a particular form of analysis, often
driven by an underlying statistical theory or method-
ology felt to be appropriate. Typically in economics,
especially in health economics, statistical techniques
are restricted to forms of regression analysis that
attempt to deﬁne the relationship between a series
of independent variables and a dependent variable.
Regression analyses are popular in microeconomics
because, by log transformation, elasticities can be
derived for independent variables. For example, a
regressing quantity demanded by price levels, when
logged, provides the elasticity or sensitivity of demand
to changes in price. Thus, in modeling resistance, one
could use such a method of analysis to derive the
sensitivity of the level of resistance. Nevertheless, this
sort of modeling is useful only at an explanatory level,
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using observational data, rather than for purposes
of evaluating new interventions or policies where
assumptions will be needed.
System dynamics is an analytical modeling tech-
nique. Its origins are attributed to Forrester in his
pioneering work on “industrial dynamics” in the
1960s [3]. Models are the key tools in dynamic ﬁnan-
cial analysis. Such models are “a systematic way to
express our wealth of descriptive knowledge about
industrial activity. The model tells us how the behavior
of the system results from the interactions of its com-
ponent parts.” The system dynamic model combines
both qualitative and quantitative aspects and aims to
enhance the understanding of complex systems to gain
insights into system behavior. The qualitative aspect
entails the construction of “causal maps” or “inﬂuence
diagrams” in which the system structure and the inter-
relations between the components of a system are
explored. The quantitative aspect entails the develop-
ment of a computer model in which ﬂows of material
or information around the system are modeled [4]. A
scenario is a set of assumptions about the environment
in which the insurer’s operations will take place. Sce-
narios are used to illustrate the implications of strate-
gies and decisions in the context of information about
the risks that confront the insurer. The explicit consid-
eration of scenarios gives a dynamic ﬁnancial model
a unique role in helping management identify proﬁt
opportunities and encourage investments in the
company.
Simulation is a tool that has become widely
accepted by managers for several reasons: it is rela-
tively straightforward and ﬂexible; it can be used to
analyze large and complex real-world situations that
cannot be solved by conventional quantitative analy-
sis; and it allows “what-if” analysis, that is, a manager
can try out several policy decisions within a matter of
minutes. On the other hand, statistical techniques are
methods for analyzing collected data, rather than for
deriving conceptual models of the interrelationships
between the variables of interest. Although such tech-
niques might be useful in the analysis of data, it is
difﬁcult to use for driving the development of a
complex system model. Therefore, comparing the two
methods will provide the useful data for analysis and
decision-making.
In Thailand, there are three major health insurance
schemes, namely, the Civil Servant Medical Beneﬁt
Scheme, the Social Security Scheme and Workman’s
Compensation Scheme, and the Universal Coverage
Scheme (UC). UC is the biggest insurance scheme and
it covers 46.5 million people (~75% of Thai citizen)
[5]. This scheme was organized by The National
Health Security Ofﬁce (NHSO). For ﬁnancing manage-
ment, the NHSO distributed the money to its local
network [6,7]. The types of reimbursements are shown
in Table 1 [8]. The major difﬁculty in accident and
emergency (A&E) ﬁnancial estimation is the complex-
ity of related factors. Multifactorial factors of health
care problems, such as natural history of health care
diseases, service utilization system, population growth,
and immigration, affected the overall problems with
their complex interactions [9,10]. Each factor also has
its own system of subfactor interaction. Thus, ﬁnding
an explanation for the interactions among these
factors and searching for the method of solving the
pattern of relationship within the whole system should
be appropriate ways for estimating the budget accord-
ing to the dynamic situation of health problems [11].
The conceptual model is deﬁned to answer the A&E
budget. The amount of money is dependent on the
patient type, treatment, hospital characteristics, and
policy of reimbursement.
This article aims to construct the system dynamic
model and to compare its ability of predicting the
budget with the conventional method. The A&E data-
base was used for budget prediction. The result of this
study will provide valuable information to health care
planners using ﬁnancial tools for decision-making.
Methods
The cross-sectional retrospective analysis was designed
to explore predictive factors of the NHSO budget for
A&E services. The system dynamic model employing
the STELLA software (High Performance Systems, Inc.
Table 1 Summary of the Universal Coverage Scheme’s reimbursement system
Type of service Reimbursement system Management of fund
General care Capitation By local area network
High cost care Fee for service with DRG By NHSO
Accident and emergency [A&E]
Accident
Within patient’s registration area Capitation By local network
Outside patient’s registration area Fee for service with DRG with global budget By NHSO—unlimited coverage
Emergency
Within patient’s registration area Capitation By local network
Outside patient’s registration area Fee for service with DRG with global budget By NHSO—no more than 2 times/year
DRG, diagnosis related group; NHSO, National Health Security Ofﬁce.
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Hanover, NH) was constructed, validated, and com-
pared to the conventional multiple linear regression
models.
Data Retrieval
Data from the 2004 NHSO claim database were used
in this study. The data covered the NHSO reimburse-
ment cost, as a dependent variable, service types
(outpatient/inpatient and accident or emergency), sex,
age, length of stay (LOS), medical operating proce-
dures, hospital types, discharge status (alive nonrefer,
alive with refer, death), and hospital location. Original
costs were in Thai baht and then converted to US
dollars at the exchange rate of 40.22 baht per US$1
[12]. Patients who reimbursed from both the A&E
fund and the High Cost Care fund were excluded. A
total of 284,716 patients were eligible for the analyses.
All patients were used for the system dynamic model-
ing. For regression analysis, the samples were ran-
domly split into two groups for model ﬁtting and
model validation [13,14].
Multiple Linear Regressions Modeling
The dependent variable was the NHSO reimbursement
cost while the independent variables included demo-
graphics (sex and age), service types [outpatient (OP)
and inpatient (IP)], medical procedures, types of illness
(accident or emergency symptom), clinical outcome
(death, alive/transfer, alive/nontransfer), hospital char-
acteristics (type of hospital, location). Data were
checked for recording errors [15]. Then, multiple
linear regression models were ﬁtted using the Statisti-
cal Package for the Social Sciences (SPSS) version 11.5
[16]. This was to estimate the linear association
between NHSO reimbursement cost and the potential
predictor variables. The stepwise regressions proce-
dure was used for selecting variables for regression
[17]. The model selected was based on the largest
adjusted R2 and checked for departures from the stan-
dard assumptions of ordinary least squares estimation
[18]. The interpretation of the assumptions was facili-
tated by descriptive and graphical analysis. In this
study, the NHSO reimbursement cost was transformed
to a natural log (ln) because of non-normality distri-
bution [19]. The qualitative variable and age of patient
were recoded as binary or dummy variables [20]. Pre-
dictors were deemed statistically signiﬁcant if their
respective P-values were less than 0.05. Moreover,
smearing factor was used to adjust the estimated
response on untransformed scale after ﬁtting a linear
regression model [21,22].
System Dynamic Modeling
The steps of the system dynamic method begin with a
purpose. For this study, the budgeting of A&E is in
question. First, create a list of all variables playing a
potential role in the creation of the dynamics of
concern. After that, identify the major causal effects
and feedback loops between these variables [23]. Thus,
the potential factors from the multiple linear regres-
sion model will be selected to construct the system
dynamic model. In addition, health-care experts will
be consulted. Finally, potential predictor variables
including the types of services, types of patients,
increasing population rate, death rate, and operating
procedures are selected. In this study, the system
dynamic models were developed by the STELLA 7.01
software (High Performance Systems, Inc., 2003) [24].
System dynamic model validation. There are two
aspects to be considered when testing the system
dynamic model validity [25]. The ﬁrst is structural: Is
the structure of the model a meaningful description of
the real relations that exist in the problem of interest?
In this study, the comment and recommendation of
the NHSO ﬁnancial health-care expert will be used as
the structural validity of the system dynamic model.
In addition, the result from the multiple regression
analysis is used to conﬁrm that the factors in this
model are credible. The second is behavioral: Are the
dynamic patterns generated by the model close
enough to the real dynamic patterns of interest? To
test the behavior, the model is run assuming a zero
growth in demand.
“What if” scenarios. A range of scenarios to be tested
in the model was generated from a discussion with the
project-steering group. The scenarios were considered
to be realistic in the sense that the model projected
change in demand (number of patients or NHSO
budget) [26]. Hence, the accident-prevention cam-
paign was used for testing “what if” scenarios. It was
supposed that the campaign resulted in a 10%
decrease of accident patients. In conclusion, the sce-
nario must simulate the answer to the question “How
much money is saved for the A&E budgeting if the
number of accident patients decreased by 10%?” Not
only the simulation of “what if” scenarios by system
dynamic method were implemented, but the linear
regression method was also simulated by direct calcu-
lation: the average cost of A&E reimbursement cost
multiplied by the remaining number of patients.
Results
Of the 284,716 eligible medical claim records,
142,358 records were used to create multiple linear
regression models. A preliminary descriptive analysis
identiﬁed a number of inﬂuential outliers, one of which
was the reimbursement cost. Therefore, it was trans-
formed into a natural log. Multicollinearity problems
were undetected. The skewed distribution of the reim-
bursement cost data required transformation. The Box
Cox procedure identiﬁed a logarithm transformation
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of the dependent variable—the NHSO reimbursement
cost—as the most appropriate [27,28]. In addition,
visual inspection of the transformed residuals con-
ﬁrmed no departures from the ordinary least square
assumptions.
Table 2 shows the characteristics of the population.
The mean reimbursement cost of outpatient (OP)
and inpatient (IP) services were US$9.84 (SD =
US$12.94 = , minimum = US$0.02, maximum =
US$567.75) and US$67.91 (SD = US$59.04,
minimum = US$11.43, maximum = US$1719.22),
respectively. All of the variables in Table 2 were
included in the stepwise multiple linear regression
analysis.
Results of the multivariate analysis are summarized
in Table 3. Twenty-three variables were found to be
statistically predictive of NHSO reimbursement cost at
the 5% signiﬁcance level. After the adjustment for
other variables, the higher NHSO reimbursement cost
was associated with the type of service (OP/IP), oper-
ating procedure, accidental diagnosis, subspecialty
hospital, super tertiary hospital, and tertiary hospital.
All other variables were found to have little inﬂuence
on NHSO reimbursement cost. The NHSO reimburse-
ment cost model explained 74.53% of the cost varia-
tion for NHSO reimbursement cost (F = 18,113.77;
P < 0.000). The ﬁtted model of reimbursement cost is
presented as follows:
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The model met the checking criteria (Durbin-
Watson = 0.8164, Cook’s distance = 0.0000,
VIF  1.0321, Tolerance  0.0584, Condition
index  21.6688) [29].
Estimating NHSO reimbursement cost is an impor-
tant part of A&E budgeting. To estimate the expected
response on an untransformed scale after ﬁtting a
linear regression model of transformed scale, the
response needs to be adjusted by a smearing factor
[21]. To retransform the predicted log of cost, the
following equation was applied [22].
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The smearing factor of the NHSO reimbursement
cost model in this study was 1.2153. To accurately test
the model, the total A&E budget in 2004 was used for
comparison. It was hypothetically based on the epide-
miology data that is presented in Table 2. The values
replaced in the equation are as follows:
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Table 2 Characteristics of the study population (n = 284,716)
Characteristics
Reimbursement cost for OP [mean (SD)], US$ 9.84 (12.94)
Reimbursement cost for IP [mean (SD)], US$ 67.91 (59.04)
Female (%) 43.29
Age group (%)
Newborn (0–2 years) 15.26
Child (>2–12 years) 10.27
Adolescent & adult (>12–45 years) 54.48
Menopausal (>45–60 years) 11.43
Senile (>60 years) 8.55
Cause from accident (%) 19.50
Operation procedure (%) 26.31
LOS of IP [mean (SD)] days 7.03 (12.88)
IP service (%) 60.72
Discharge status (%)
Death 1.53
Alive—nontransfer 96.44
Alive—transfer 2.03
Hospital characteristic (%)
Private hospital 1.90
Army hospital 1.11
Mental hospital 2.80
Community hospital 39.26
General hospital 23.78
Tertiary hospital 24.02
Super tertiary hospital 4.90
Subspecialty hospital 2.24
Hospital location (%)
Central 27.08
North 12.58
Northeast 19.87
East 10.69
South 12.55
Bangkok 17.22
OP, outpatient; IP, InpatIent; LOS length of stay.
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The result from the calculation shows the average of
cost per case is US$25.64. Thus, the total budget is
US$7,301,217.18 (284,716 cases ¥ US$25.64).
The results of the system dynamic model construc-
tion are shown in three aspects. First, the structure
components of the model are characterized by stock
and ﬂow diagrams that describe the system’s structure
as shown in Figure 1. The symbols that make up the
diagram have deﬁnitions associated with them. It
describes the quantitative relationships among the
various components of the model. Numerical analysis
techniques provide a simulation of the dynamic behav-
ior of the system over time as shown in Table 4. The
NHSO reimbursement cost model is composed of four
submodels: inpatient with emergency (IP-E), inpatient
with accident (IP-A), outpatient with emergency (OP-
E), and outpatient with accident (OP-A). The ﬁrst sub-
model generates the amount of hospital charges with
IP-E; a stock is equal to the number of IP-E patients.
The increasing rate and decreasing rate are affected by
the number of IP-E patients. The amount of money for
IP-E patients who had operations was deﬁned as the
number of IP-E patients with operations multiplied by
the average hospital charges—with operation. Simi-
larly, the process was repeated for nonoperated on
patients. The second, third, and fourth submodels
were repeatedly constructed similar to the ﬁrst sub-
model. To complete the NHSO budget setting, all of
the hospital charges were multiplied by the reimburse-
ment rate of global budgets. The amount was then
divided by the number of UC-registered patients to
complete the amount of money per capita.
The second aspect, model validity testing, is when
the structure of the system dynamic model is accepted
by the ﬁnancial health-care expert from NHSO. In
addition, the result from multiple regression analysis
conﬁrms that the factors in this model are credible.
The behavior of the model is tested after the running of
the model by assuming a zero growth in demand. It
found that the result on the output interface shows a
budget of zero. Therefore, the system dynamic model
was validated and can now be used to simulate the
A&E ﬁnancial budget.
Table 3 Multivariate analysis of the National Health Security Ofﬁce reimbursement cost
Variables
Parameter
estimate SE P
95% CI
Lower Upper
Type of patient [ref = outpatient] 2.3897 0.0143 <0.0001 2.3616 2.4178
Operating procedure [ref = nonoperation] 0.2820 0.0042 <0.0001 0.2738 0.2903
Length of stay 0.0122 0.0002 <0.0001 0.0118 0.0126
Accidental diagnosis [ref = yes] 0.3292 0.0047 <0.0001 0.3200 0.3383
Discharge status [ref = dead]
Alive—nonrefer -0.3867 0.0141 <0.0001 -0.4143 -0.3591
Alive—refer -0.2295 0.0183 <0.0001 -0.2655 -0.1935
Hospital characteristic [ref = community hospital]
Sub-specialty hospital 0.3483 0.0123 <0.0001 0.3242 0.3724
Super tertiary hospital 0.7997 0.0091 <0.0001 0.7819 0.8175
Tertiary hospital 0.2263 0.0052 <0.0001 0.2162 0.2364
General hospital 0.0602 0.0046 <0.0001 0.0511 0.0693
Private hospital 0.1340 0.0132 <0.0001 0.1083 0.1598
Army hospital -0.0971 0.0165 <0.0001 -0.1294 -0.0648
Mental hospital -0.0330 0.0128 0.0101 -0.0582 -0.0079
Age [ref = adolescence/adult]
Newborn (0–2 years) -0.3381 0.0052 <0.0001 -0.3483 -0.3280
Child (>2–12 years) -0.1057 0.0058 <0.0001 -0.1171 -0.0943
Menopausal (>45–60 years) 0.1507 0.0055 <0.0001 0.1399 0.1614
Senile (>60 years) 0.2659 0.0063 <0.0001 0.2536 0.2782
Location of hospital [ref = Bangkok]
North -0.1750 0.0071 <0.0001 -0.1890 -0.1610
Northeast -0.2206 0.0066 <0.0001 -0.2335 -0.2077
East -0.0902 0.0075 <0.0001 -0.1048 -0.0756
South -0.1448 0.0072 <0.0001 -0.1589 -0.1307
Central -0.0921 0.0064 <0.0001 -0.1047 -0.0795
Sex [ref =male] -0.0919 0.0035 <0.0001 -0.0987 -0.0851
Constant 1.8165 0.0068 <0.0001 1.8031 1.8299
Adjusted R2 74.53%
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The third aspect is the implementation of the system
dynamic model. Figure 2 shows the output interface of
the system dynamic model. The result of system
dynamic shows that the NHSO budget per capita for
OPs and IPs were US$0.01 and US$0.23, respectively.
Furthermore, the total budget from the system
dynamic model was US$12,159,614.38.
The predicting value of the system dynamic and
linear regression models were compared to determine
the predicting accuracy of the proposed model. The
predicting value of the system dynamic method shows
US$12,159,614.38 and the linear regression shows
US$7,301,217.18, whereas the actual NHSO budget
was US$12,840,805.69. Thus, the system dynamic
model accurately predicts 94.70% of the actual budget
while linear regression only predicts 56.86% of the
actual budget.
In the “what if” scenario analysis, it was supposed
that the campaign resulted in a 10% decrease of acci-
dent patients. The scenario must simulate the answer
to the question “How much money is saved for the
A&E budgeting if the number of accident patients
decreased by 10%?” So, the prevalence of accident
patients has adjusted the rates of service in the OP-A
and IP-A submodels by 90%. The system dynamic
shows that US$269,387.25 (2.22%) is saved (from
US$12,159,614.38 to US$11,890,227.13), whereas
the linear regression model shows that US$142,426.00
(1.95%) is saved (from US$7,301,217.18 to
US$7,158,791.19).
Discussion
The system dynamic and regression models established
a clear relationship between NHSO reimbursement
costs and hospital factors (i.e., type of services, hospi-
tal characteristics, operating procedure, and LOS) and
patient factors (i.e., age and accident diagnosis). The
results allow us to state that these factors consume a
majority of the A&E budget. From the predicting
value of the system dynamic and linear regression
models, it is suggested that estimated methods of
resource needs for A&E services should take into
account not just the regression analysis but also the
system dynamic model. As a next step, the present
model can be applied to a wider reimbursement
system, covering another type of reimbursement (i.e.,
general care and high-cost care) which will permit us
to correct the estimation for total NHSO budget.
From the results, the system dynamic method accu-
rately evaluates and predicts 94.70% of the actual cost
while linear regression only predicts 56.86%; the dif-
ference in percent prediction of the two methods is
37.84%. With this number, we suggest that the system
dynamic model is more worthy for use in ﬁnancial
budgeting. Because of the capability of predicting the
Figure 1 System dynamic model of the NHSO budgeting.
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A&E budget using the regression model and system
dynamic model, we suggest that the equations be pro-
grammed into a computer package where they can be
“solved” for a given set of data. The advantage of this
type of model is its great degree of ﬂexibility and the
ability to handle complex interrelationships [30]. It is
possible that the mathematical approach may be
adapted or built upon in developing a cost model for
the budgeting. Because the numbers using the system
dynamic model calculate from a large sample size, its
effect on the result of simulation is a lesser error value.
Moreover, using potential factors from the regression
technique makes the feedback result of the system
dynamic model more accurate. Nevertheless, it had a
limitation in commitment, which in turn, depends
upon the ownership of and involvement in the process.
If practitioners are excluded from ﬁnding and deﬁning
the criteria of reference in the process, they have no
Table 4 Values and equations for each variable and model component
Variable Model components Initial value or equation
Submodel 1:
Inpatient with emergency (IP-E)
(1) Number of patients Stock 50,115,254 ¥ 0.0030456795
(2) Increasing rate Inﬂow 1%
(3) Decreasing rate Outﬂow 0.5%
(4) Average hospital charge—with operation Converter US$268.59
(5) Ratio of IP-E patient with operation Converter 0.2771
(6) Total hospital charge—with operation Converter (1) ¥ (5) ¥ (4)
(7) Average hospital charge—without operation Converter US$107.78
(8) Ratio of IP-E patient without operation Converter 0.7229
(9) Total hospital charge—without operation Converter (1) ¥ (8) ¥ (7)
Submodel 2:
Inpatient with accident (IP-A)
(10) Number of patients Stock 50,115,254 ¥ 0.0004036895
(11) Increasing rate Inﬂow 1%
(12) Decreasing rate Outﬂow 0.5%
(13) Average hospital charge—with operation Converter US$389.45
(14) Ratio of IP-A patient with operation Converter 0.5900
(15) Total hospital charge—with operation Converter (10) ¥ (14) ¥ (13)
(16) Average hospital charge—without operation Converter US$113.15
(17) Ratio of IP-A patient without operation Converter 0.4100
(18) Total hospital charge—without operation Converter (10) ¥ (17) ¥ (16)
Submodel 3:
Outpatient with emergency (OP-E)
(19) Number of patients Stock 50,115,254 ¥ 0.0015274591
(20) Increasing rate Inﬂow 1%
(21) Decreasing rate Outﬂow 0.5%
(22) Average hospital charge—with operation Converter US$29.81
(23) Ratio of OP-E patient with operation Converter 0.1259
(24) Total hospital charge—with operation Converter (19) ¥ (23) ¥ (22)
(25) Average hospital charge—without operation Converter US$11.17
(26) Ratio of OP-E patient without operation Converter 0.8741
(27) Total hospital charge—without operation Converter (19) ¥ (26) ¥ (25)
Submodel 4:
Outpatient with accident (OP-A)
(28) Number of patients Stock 50,115,254 ¥ 0.0007043963
(29) Increasing rate Inﬂow 1%
(30) Decreasing rate Outﬂow 0.5%
(31) Average hospital charge—with operation Converter US$21.75
(32) Ratio of OP-A patient with operation Converter 0.3129
(33) Total hospital charge—with operation Converter (28) ¥ (32) ¥ (31)
(34) Average hospital charge—without operation Converter US$16.36
(35) Ratio of OP-A patient without operation Converter 0.6871
(36) Total hospital charge—without operation Converter (28) ¥ (35) ¥ (34)
Budgeting
(37) Total hospital IP-E Charge Converter (6) + (9)
(38) Total hospital IP-A Charge Converter (15) + (18)
(39) Total hospital IP Charge Converter (37) + (38)
(40) Total hospital OP-E Charge Converter (24) + (27)
(41) Total hospital OP-A Charge Converter (33) + (36)
(42) Total hospital OP Charge Converter (40) + (41)
(43) Fraction of global budget for IP Slide converter 0.4070644774 (2004 AD)
(44) NHSO IP budget Converter (39) ¥ (43)
(45) Fraction of global budget for OP Slide converter 0.6584658761 (2004 AD)
(46) NHSO OP budget Converter (40) ¥ (45)
(47) NHSO total budget Converter (44) + (46)
(48) Per capita—IP Converter (44)/# UC
(49) Per capita—OP Converter (46)/# UC
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control over their learning process. For linear regres-
sion, the model presents a means of structuring the
data around a particular form of analysis, often driven
by an underlying statistical theory or methodology felt
to be appropriate. Typically, in health economics, sta-
tistical techniques are restricted to forms of regression
analysis that attempt to deﬁne the relationship (linear
or otherwise) between a series of independent variables
and a dependent variable. Hence, regression analyses
are popular in microeconomics because by log trans-
formation, elasticities can be derived for independent
variables. Nevertheless, the exact model developed
here is not directly exportable for use in other situa-
tions, but the methodology is. The number of A&E
patients is not static. It means that even if the variables
themselves remain constant, the coefﬁcient values of
the variables will change over time. Now, we cannot
answer the question of “what is the real cause of the
difference,” but we trust in the regression technique
which indicates the affecting factors. Likewise, the
system dynamic model works as a “micro world,”
making it is easy to simulate more than one factor at
the same time [31].
Because of the emergence of system dynamics,
applications have expanded to a very wide spectrum,
including national economic problems, supply chains,
project management, educational problems, energy
system, sustainable development, politics, psychology,
medical sciences, health care, and many other areas.
For the economic or health-care areas, system dynam-
ics has been used in many organizations. For instance,
the Center for Public Policy and Administration of the
University of Utah is using the system dynamic model
to estimate welfare reform initiatives [32]. The Royal
Australian Navy uses the system dynamic model for
capability management [33]. It is also used in the simu-
lation of controlled ﬁnancial statements [34].
Although, the system dynamic model is not as
widely used as the regression method, in this study, it
shows a beneﬁt in accuracy evaluation. The total
budget of the system dynamic model is close to the real
budget, whereas the regression method’s budget is
quite different from the real budget. Moreover, it can
simulate the effect of changing the independent vari-
able easier—by changing (slide tool bar) the rate of
accident patients in the computer—than the conven-
tions method.
In conclusion, the generated system dynamic cost
model developed by computer software in this study
could be used to facilitate informed decision-making.
Figure 2 Output interface layer of the NHSO budgeting.
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Even though the process of the model was compli-
cated, the results of system dynamic will give actual
information for policy makers to plan and fund future
health services and to consumers to plan their own
future expenses.
Contract grant sponsor: The National Health Security Ofﬁce
(NHSO), Thailand.
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